MOOCs attract a large number of learners with largely unknown diversity in terms of motivation, ability, and goals. To understand more about learners in highly technical engineering MOOCs, this study investigates patterns of learners' (n = 337) behaviour and performance in the Nanophotonic Modelling MOOC, offered through nanoHUB-U. The authors explored clusters of learner clickstream patterns using the k-means++ algorithm and found five clusters of learner behaviour, labelled according to learners' use of materials: Fully Engaged, Consistent Viewers, One-Week Engaged, Two-Week Engaged, and Sporadic learners. The Kruskal-Wallis nonparametric statistical test yielded a significant difference (p< 0.01) between learners' access of course materials in each cluster. The researchers then examined the participation and mean scores on course quizzes and exams for each learner group. One-Week Engaged learners, on average, scored significantly lower on the first week's assessment. Two-Week Engaged learners, on average, scored significantly lower on the second week's assessments. Other differences found in learners' participation and performance on quizzes and tests based on the five clusters are discussed. These findings suggest that some of the high dropout numbers in advanced MOOCs may be related to learners' performance on course assessments. In addition, integration of learner access to course material with course assessment scores provides a much richer understanding of learners in a MOOC.
INTRODUCTION
Many education researchers strive to conduct research that will one day translate into widespread improved practice, informed by evidence. The implementation of massive open online courses, MOOCs, has occurred very differently, arguably in reverse fashion. The potential that MOOCs have to disseminate valuable knowledge and skills, without financial, location, or social-status barriers, is a very exciting promise, as noted in the media (e.g., Leckart, 2012) . At no previous time in history has knowledge been so freely available. Yet, there remains limited information for institutions regarding the value of offering MOOCs (Hollands & Tirthali, 2014) and there is limited empirical information to inform pedagogy (Reich, 2015; Perna et al., 2014) . While research related to online learning more broadly is quite vast, research on how learning can occur within the MOOC model is still relatively unexplored and many questions remain (Reich, 2015) . Perna et al. (2014) note three areas of consensus in the emerging field: 1) MOOCs have very low completion rates, typically 5-12%; 2) how learners progress through MOOCs is not largely understood; and 3) the effects of individual course characteristics on learner outcomes is unknown.
With open access, thousands of learners may register with little or no commitment, entering and leaving the MOOC at will. This non-traditional behaviour in open access courses brings significant challenges to assessing what learning has indeed occurred. In addition, the application of basic instructional design principles is unclear, especially considering the diversity of learners in terms of educational background, usage, motivation, and intention for the courses (Douglas, Mihalec-Adkins, Hicks, Diefes-Dux, Bermel, & Madhavan, 2016) . Given that good instructional design is based on understanding the learning environment (i.e., the context wherein the learning occurs), the learner, and the tasks to demonstrate learning (Ragan & Smith, 1999) , it is imperative for researchers to understand learner behaviour more clearly in the MOOC environment, the types of learner needs, and how learners can demonstrate their learning.
To better understand behaviour and types of learners in MOOCs, we must create new methods of research that integrate analytics with traditional forms of assessment data. While clickstreams are not a measure of learning (Thille et al., 2014) , learner access data can serve to identify groups of learners who utilize the materials differently. In addition, identification of usage patterns can serve as a grouping variable to allow deeper investigation into what are the underlying differences between learners. We consider this integration of learner analytics with forms of traditional educational research and assessment as a big data characterization of learner behaviour (Morabito, 2015) because the vast amount of data is used to reveal something of depth. The purpose of this research is to characterize learner patterns in a highly technical engineering MOOC.
The specific MOOC under study, Nanophotonic Modelling, was developed to provide graduate-level content related to the field of nanotechnology, which is constantly changing through research advancements (Roco, 2011) , causing many traditional course textbooks to fall quickly out of date. In fact, many of the recent course topics are so new that the information is only available through conference proceedings and peer-reviewed journal publications. Developing courses such as the one on nanophotonic modelling, nanoHUB-U, significantly decreases the time between research discovery and access to the information for engineering students and practitioners. As a first step to understanding the types of learners present within an advanced MOOC, we identify learner groups based on their course material usage. Next, using the emergent groups as a sorting variable, we explore each group's quiz and test scores to understand more about the similarity of learners within each group and aid in our classification of learners.
LITERATURE REVIEW
MOOCs tend to attract levels of enrollment that are quite different from traditional higher education learning environments. Anyone with Internet access can register for a course, whether it is out of passing curiosity or purely by accident (Liyanagunawardena, Parslow, & Williams, 2014) . In a survey study of 34,779 MOOC learners, Christensen et al. (2013) found that the majority of learners were from developed countries, young, employed, and well educated. In addition, survey respondents were asked their reason for enrollment with 10 answer choices, including "other" and "none of the above." Overall, approximately 50% of respondents indicated that they enrolled for "curiosity, just for fun. " Christensen and colleagues (2013) note that this result varied when considered by course. For example, 75% of respondents reported their reason for enrollment in humanities courses as "curiosity, just for fun." The lowest percentage of learners reporting enrollment out of curiosity was approximately 49% for the group of science, healthcare, and math courses. Thirty-nine percent from those courses report enrolling to gain specific skills related to job. However, they do not report findings specifically for science or engineering courses. Kizilcec & Schneider (2015) studied learners' reported reasons for enrolling in MOOCs and found thirteen different reasons, varying from general interest to improving English. The researchers then turned the open-ended questions into a survey question, asking respondents to select "all that apply" on a different sample. In other words, respondents could pick as many reasons for enrolment as desired, without giving them a rank. The mean number of chosen categories was 6.3 out of the 13 reasons for enrollment. While it is clear that there are multiple reasons for signing up for a course, it is unknown what reasons are the most important or of value to the learners. In addition, reasons for enrollment were not examined in context of learner behaviour in the courses. It is unknown whether those few that enrol to increase their skills may seek deeper levels of learning or participate with course materials more fully.
Learner Completion
The openness of MOOCs presents additional challenges as learners may enter and leave a course without consequence. Learners are able to view materials based on topics of interest. It is unsurprisingly found that the actual percentage of learners who complete the course as per traditional definition of "completion" (i.e., successfully finish the majority of course activities and assessments), or even those who regularly engage in the course at all, can be very low. For example, Perna et al. (2014) studied learner usage in 16 MOOCs offered through Coursera, and found that fewer than half of registrants (46%) accessed one or more video lectures. Liyanagunawardena, Adams, and Williams (2013) examined 45 MOOC-related research papers published between 2008 and 2012, and noted that the highest rate of successful completion for any course was 19.2%, but the vast majority reported less than 10%. In addition, Jordan (2014) considered completion as the percentage of course registrants who met criteria to earn a course certificate in 39 MOOCs offered on different platforms (e.g., edX, Coursera, Udacity), and found a typical completion rate to be 5%. Little is known about the differences between learners who leave the course after only a couple of weeks versus those who are more sporadic or those who complete all the aspects.
While consensus has emerged that completion rates are not fully appropriate in the MOOC environment (e.g., Kizilcec, Piech, & Schneider, 2013; DeBoer, Ho, Stump, & Breslow, 2014; Liyanagunawardena et al., 2014) , few have suggested what metrics should be used to make evaluative conclusions. Indeed, given the lack of personal investment needed to sign up for a course, researchers and evaluators are not able to infer the quality of a MOOC based on completion rate alone. The openness and accessibility to MOOCs has even led some to argue that completion rates are "misleading and counterproductive indicators" of the quality and potential of MOOCs (Ho et al., 2015) . DeBoer et al. (2014) elaborate on this point, asserting that completion rates must be re-conceptualized for a MOOC environment where learners may consider MOOCs less of a traditional course than a collection of learning resources. In that sense, access to MOOC materials becomes the desired goal rather than the course itself. Others point out that MOOCs did not create a need to redefine successful completion; rather they raise a longstanding issue in higher education: learners have different goals (Liyanagunawardena et al., 2014) . Tinto (1975) points to the argument that it is inappropriate to categorize all learners who withdraw from a course as one group without distinguishing between academic failures and voluntary withdrawals. When Tinto's conceptualization is applied to MOOCs, it is important to understand the reasons behind disengagement and other non-traditional use patterns.
The level of importance to place on completion rates is partly dependent upon the intended design of the MOOC (Yuan & Powell, 2013) . Indeed, MOOC completion rates become meaningful only when interpreted in the context of learner and stakeholder goals (Koller, Ng, Do, & Chen, 2013) . Retention and successful completion, as evaluative metrics, also become important in contexts where MOOC stakeholders (e.g., faculty who teach, university administrators) desire learners to use the course materials more traditionally. Indeed, the MOOC phenomenon poses new challenges for educational researchers to determine what metrics of evaluation are appropriate. In order to begin to answer meaningful questions about the value of MOOCs, these challenges must be addressed.
Learner Usage
Reich (2015) points to four recent studies where learner activity in a course was positively correlated with higher final outcomes, such as course completion and exam scores (Collins, 2013; Murphy, Gallagher, Krumm, Mislevy, & Hafter, 2014; Reich et al., 2014; Wilkowski, Deutsch, & Russell, 2014) . Given the discrepancy between enrollment and course activity, behaviour in MOOCs seems to indicate that many learners are taking advantage of MOOCs in the same way they use other online resources.
MOOC learners generally enter the course with a wide variety of participation objectives (Kizilcec & Schneider, 2015) making them far too heterogeneous to fully characterize simply by the percentage using course resources. These latent or hidden variables contribute to learner behaviour in the course and must be explored (Thille et al., 2014) . Simply put, descriptive statistics present an incomplete picture of the true variance of learner behaviour.
Some researchers have considered the types of learners based on usage patterns as a method for understanding how learner needs can be met better (Kizilcec, Piech, & Schneider, 2013) . Studying learner patterns in three computer science courses of varying difficulty, Kizilcec et al. (2013) propose four profiles: 1) completing 2) auditing, 3) disengaging, and 4) sampling. Completing is described as learners who complete most aspects of the course, including the assessments. This group was most similar to traditional classroom learners and varied in their performance on assignments. Auditing is described as the group of learners who followed along with the videos throughout the course duration, but who did assessments infrequently. Disengaging is described as the group of learners who participated in most aspects of the course initially, but then disengaged at some point in the first third of the course offering. Sampling is described as the group of learners who watched videos or other materials for only one or two assessment periods, many of whom only watched one video.
Similarly, Hill (2013a) identified four patterns of learners within Coursera MOOCs: 1) Lurkers who only sample items, or do nothing at all beyond registration, 2) Drop-Ins who become involved for a selected topic, 3) Passive Participants who "view a course as content and expect to be taught," tend to watch videos and maybe take quizzes, but do not usually participate in activities/discussion, and 4) Active Participants who participate in most aspects of the MOOC, including social media. Hill (2013b) then revised his finding to delineate between those who only register (No-Shows) and those who read content, but do not participate in discussions (Observers). A limitation of both Kizilcec et al. (2013) and Hill (2013b) is that neither fully describes the methods used to determine the ideal number of learner groups nor tests the significant difference between groups. The role of theory or rationale in developing a generalizable typology of learner usage is also not fully explicit and it is possible to generate several different visualizations of access that may or may not be helpful for MOOC instructional design.
To further research MOOC education and evaluation, we must explore whether the typology of learner patterns found in Kizilcec et al. (2013) or Hill (2013b) generalize to MOOCs regardless of content, or whether types of learner patterns vary based on course context. Furthermore, to understand the similar learners within each group, we must contextualize groups in terms of their performance on course assessments. This study identifies groups of learner behaviour patterns and delves deeper into their quiz and test assessment performance. Specifically, we ask the following research questions: 1) What are the clusters of learner usage patterns in a highly advanced MOOC engineering course? 2) How are participation and performance patterns similar within each cluster? 3) What are the differences in quiz and exam participation and performance between clusters? The specific course studied in this paper was entitled Nanophotonic Modelling, a highly technical, advanced engineering course provided through nanoHUB-U.
BACKGROUND
Unlike MOOCs offered on large platforms that do extensive marketing to drive high enrollment, a highly technical (graduate level) engineering course offered through an NSF-sponsored computational nanotechnology site provides the opportunity to explore meaningful results available from combining learner usage and assessment performance data. As Nanophotonic Modelling is highly specialized and not offered through a major MOOC platform, enrollment was substantially lower than typical MOOCs. Yet, compared to similar on-campus graduate courses that typically have 10 students, the enrollment (n = 337) was well beyond what would be plausible at one geographic location. The course was designed for a relatively narrow intended learner type, i.e., someone with a graduate-level understanding of physics and computational simulation. Ideally, the instructor would target engineering and science professionals who need nanotechnology skills and knowledge. By developing courses such as Nanophotonic Modelling, one of the major intended outcomes of nanoHUB-U is to significantly decrease the time between research discovery, to access of new information, to project applications for engineering students and practitioners. The sequence begins with the most basic concepts in order to scaffold more difficult methods later. Much like other nanoHUB-U offerings, the Nanophotonic Modelling course contains five lectures per week of approximately 20 minutes each, released weekly over the course of five weeks. This instructorled section of the course is intended for learners to approach sequentially, as in a traditional course. During this time, a graduate teaching assistant and the professor regularly interact with their students through a message board. The instructor-led parts of the course conclude after the fifth week. Subsequently, the course material is archived and made freely available through a self-paced section of the course with no fixed end date. In addition to the lectures, five types of course materials are given for each lecture: 1) a set of lecture slides in PDF format, 2) a quiz, 3) an assignment, 4) a pdf assignment solution, and 5) a tutorial to provide an overview of the solution technique. Finally, a weekly exam takes place at the end of each of five weeks. Students who achieve an average of over 60% in all the graded material by the end of the last week, including material not taken, receive a certificate of completion, known as a badge. In some cases, learners can also receive University or continuing education credit(s).
METHODS

Participants
In this section, we present the learner demographics in terms of their geographic locations, gender, and organizational affiliation. Often, MOOC researchers report the number of learners in the categories of registrants and starters (e.g., Perna et al., 2014) . Registrants are the total unique individuals enrolled, while Starters are the total unique individuals who actually access materials in the first week of the course. Complicating matters, however, learners may choose to join after the course has started. To account for this issue, we also create a third category of Active Learners, defined as the total unique individuals who participated in one or more activities at any point during the course, i.e., downloading or watching one or more course material item at least once during the time it was originally offered. Nanophotonic Modelling had 337 registrants from 48 countries, with 68% of participants from 45 countries. There were 226 Active Learners who utilized materials as the course progressed. Although the learners were from across the globe, some geographical clustering was observed in Anglophone countries: notably, the largest group of registrants (31%) were from the United States, with the second highest (17%) from India. Nearly the same percentage of Active Learners in the course came from the United States (31%) and India (16%). No other single country accounted for more than 5% of the learners. As shown in Table 2 , 29% of the learners are from 34 countries, each country with only a few participants. Thirty-one learners earned a badge for the instructor-led portion of Nanophotonic Modelling. All data were de-identified using an algorithm that assigned a random new unique code for each learner. The newly created code was used to create a unique 1:1 map between multiple data sets while greatly lowering risk of re-identification. Also, the actual calendar dates and access duration values were converted to ordinal numbers to protect the privacy of the learners. Still, this approach can capture the multiple access events to particular course materials by some learners, which may be useful in learner characterization.
Exam and quiz scores were collected for analysis. There was one quiz per lecture and it consisted of two questions, directly related to material covered in the lecture (multiple-choice, with four to five choices per item). In total, there were 25 quizzes and 50 questions to assess learners directly after presentation of the material. In addition, there were weekly exams, each with 10 questions aligned to the concepts covered in that week. In total, the five exams comprised 50 questions.
Identifying Learner Groups by Clustering
The research team analyzed the clickstream data by looking for patterns of course material access, which is the basis for identifying learner groups. The rationale for this approach is simple: by exploring the usage patterns and understanding more about learners within and between each pattern of behaviour, we can understand more about the diversity of learners' participation and achievement. It is important to understand that all the learners may not have the same learning objective, which may give rise to different patterns of access. Investigating the relationship between learners and course materials can give better insight into the learners (Hecking, Ziebarth, & Hoppe, 2014) . Relationships between learners based on identifying similarities in course material usage patterns can help reveal commonalities of each group. Some researchers analyzed the learner groups using social network analysis methods to find groups with common interests (Harrer, Malzahn, Zeini, & Hoppe, 2007) . Other researchers presented data mining clustering methods for web-based course material usage (Romero, Gutiérrez, Freire, & Ventura, 2008) . While many clustering algorithms can be used, we used a k-means clustering technique. The popularity of k-means clustering techniques rests on the ease of implementation, simplicity, efficiency, and empirical success (Jain, 2010) . This approach helped to identify key patterns of course material usage among the learners, and then divide them into a corresponding set of learner groups.
Data Pre-Processing
Prior to applying the k-means++ (explained in next section) algorithm to our data, we identified the proper data sets suitable for the k-means++ algorithm. For instance, among the 155 course materials, lectures and tutorials had different video formats. More precisely, identical videos were provided in three formats: online streaming, downloadable MP4, and YouTube. The learner can get the same study material from any of those three video modes; therefore, accessing all three formats or just one does not reflect different learning intentions. Therefore, we combined all three formats of the same video into a single item. This approach results in 95 distinct course materials. Next, each course item is labelled with a unique ID number, according to the sequence of release. We generated a binary table with 226 rows, representing the material usage pattern of each active learner. The binary sequence of an individual had a numeric digit "1" if the person accessed the corresponding material and a "0" if s/he did not access it.
Next, we generated a dot plot from the binary table, as shown in Figure 1 . Every dot represents a learner accessing the corresponding course material. The horizontal axis represents the material ID and the vertical axis represents the learner ID. It appears upon casual inspection that the material usage pattern is just random. Nevertheless, clustering algorithms can reveal unique patterns of content usage. 
K-Means Clustering Algorithm
The k-means clustering algorithm is a well-established data mining research method for classification of data into distinct groups. As discussed in Section 4.3.1, our initial data is derived from the access patterns of 226 active learners, captured as a 95-dimensional binary vector . We select cluster centres from to minimize the sum of distances in the 95-dimensional space using the k-means algorithm (Jain, 2010) . Intuitively, this corresponds to choosing group membership to maximize uniformity within each group, even if the overall data set is very heterogeneous. However, there are many examples of generating low-quality, non-reproducible clusters when using arbitrarily chosen initial cluster centres in k-means (Arthur & Vassilvitskii, 2007) . Therefore, in this work, we follow the kmeans++ heuristic method to reproducibly classify our learners (Arthur & Vassilvitskii, 2007) . The probabilistic approach of choosing the initial cluster centres by the k-means++ algorithm improves the quality and reproducibility of the found cluster (Arthur & Vassilvitskii, 2007) . The key steps are 1) to randomly select an initial cluster centre from X; 2) to weight the selection of subsequent cluster centres by their relative distances to other points in X; 3) to assign all points to the closest cluster centre; 4) to re-centre each cluster so formed; and 5) to repeat the last two steps until no further changes are seen.
We implemented the method outlined above using the function "kmeans," available in MATLAB. The reproducibility of the clusters by k-means++ algorithm depends on the initialization (Lisboa, Etchells, Jarman, & Chambers, 2013) . Therefore, k-means++ clustering can be treated as a heuristic approach to divide the dataset into different groups. Nonetheless, the choice of groups was fairly uniform in the datasets examined in the next section.
RESULTS
In this section, we demonstrate how the clustering method shows different learner groups among the students. We also discuss the similarities and differences between the groups in terms of material usage pattern, as well as their performances in quizzes and exams. We explain what the clusters tell us about the learners and what the consequences are.
Identified Learner Groups
The k-means++ clustering technique found some interesting learner groups within the Nanophotonic Modelling course. Course material usage patterns by different clustered groups are presented in Figure  3 . Every dot in Figure 3 indicates that the learner accessed that particular material; conversely a blank represents that the learner did not access that material. Note that only learner data is analyzed; registered but inactive learners are excluded from our analysis.
A common concern of clustering is the optimal number of clusters. We identified the optimal number both empirically and through rationale. The two empirical methods used were within-cluster error dispersion and gap statistics, as in Tibshirani, Walther, and Hastie (2001) . Within-cluster error dispersion ( % ) is presented against the number of clusters in Figure 2a and the gap statistic is shown in Figure 2b . It is obvious in Figure 2a that the % value started to become flat at = 5 for the first time; therefore, the optimal number of clusters is 5. Gap statistic evaluation was completed using the function "evalclusters," available in MATLAB. A plot of gap values against the number of clusters is shown in Figure 2b . The requirement for optimal number of cluster is ≥ + 1 − %01 where is the optimal number of clusters and %01 is the standard error of the clustering solution used in the Gap statistic method proposed in Tibshirani et al. (2001) . Finally, the method identified the optimal number of cluster as 6.
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Figure 2: (a) Within-Cluster Error Dispersion; (b) Gap Statistic
The learners are clustered by the k-means ++ method with clusters numbering 6 and then 5. Although Gap statistic suggested that the number of clusters be six, few learners were actually placed in the sixth cluster, and they were very similar to learners in other clusters; i.e., the learners of cluster 6 were engaged for the first two weeks with some irregular use of course materials. Based on this rationale, we decided to cluster the learners into five groups in order to describe them according to their material usage pattern, rather than maintaining the sixth cluster group of two-week usage but not fully engaged
Figure 3: Learner Clustering by Course Materials Usage Pattern
The simulation for k-means++ clustering was performed by changing various numbers of clusters and settling finally on five distinct groups (clusters) of learners, as presented in Figure 3 , with the x-axis representing unique course materials in chronological order, and the y-axis representing the new cluster-based ordering of each unique learner. Clusters 1 through 5 are coloured blue, magenta, black, red, and green, respectively. This clustering graph shows the patterns of activities of the learners much more clearly than in Figure 1 . According to our reduced course material list, 19 items were released every week. The first 13 are study materials, while the last six are assessments (five quizzes and an exam), as indicated on the horizontal axis in Figure 3 . The clustering graph highlights key patterns of the material usage present in each group of learners.
Based on the material usage pattern, we identified the five clusters and assigned labels to the found clusters, as descriptive of their usage to aid in interpretation: 1) Fully Engaged Learners, 2) Consistent Viewers, 3) Two-Week Engaged Learners, 4) One-Week Engaged Learners, and 5) Sporadic Learners respectively. Fully Engaged Learners access the study materials regularly, and attempt most quizzes and exams. Consistent Viewers actively access content over the entire course, but do not regularly access the course assessment materials. Two-Week Engaged Learners actively access materials in the first two weeks of the course, with a sharp reduction in their activities in subsequent weeks. One-Week Engaged Learners are quite interesting; they fully access the first week's materials, but do very little in the course afterwards. Finally, Sporadic Learners randomly access materials. We identified two learners from this group who attempted all five exams without accessing any of the study materials. Many of the Sporadic Learners accessed only assignments and none of the videos. The cluster-wise distribution of learners is presented in Table 3 . Sporadic Learners form the biggest group among the five, accounting for 42%. 
Exam and Quiz Grades for Each Group
To better capture the similarities and differences within and between groups, we also examined the exam and quiz scores for each group. We calculated mean and standard deviation of the scores within each group to more thoroughly understand whether learners who behaved similarly within the course also performed similarly. Figure 4 presents the group-wise performance in the weekly exams and quizzes, respectively. The mean scores were calculated by computing the average of scores for all learners who attempted the given assessment in each group. As shown, the first three learner clusters (Fully Engaged, Consistent Viewers, and Two-Week Engaged) scored 90 or above in the first exam, while the other two less-consistent groups performed poorly. Fully Engaged and Consistent Viewers scored above 90 consistently in the first week's quizzes, while the other groups were not consistent at all ( Figure 5 ). All scores decreased in each learner group on the second exam (with the exception of One-Week Engaged, as they did not attempt any more exams after the first week). 
Statistical Significance of Clustering
Given that learner groups identified by the clustering technique performed differently in the course, there is some evidence of underlying learner characteristics (i.e., latent traits) that contribute to learner behaviour in the course. To check for the significance of our clustering solution, we performed nonparametric Kruskal-Wallis (1952) and Mann-Whitney U (Kirk, 2008) tests on the course material access pattern of each cluster. The usual technique for such measurements is the analysis of variance; however, with uneven usage patterns of groups, the data did not meet assumptions of normality or similar group size. Therefore, we chose the non-parametric Kruskal-Wallis test (1952) , which tests the hypothesis that the clusters have a significantly different distribution in the population (Stark, Woods, Thilaka, & Kumar, 2012) . To allow for comparison between the clusters in a 95-dimensional space, the Kruskal-Wallis test was performed by summing each participants' access to all course materials. It was performed on all the clusters in a single calculation (i.e., rank ordering all points, calculating the sum of ranks for each cluster, and performing a ; test with df=5-1=4, since we have five clusters. The results were significant, H(4) = 191.88; p<0.01, indicating that the different clusters have a less than 1% likelihood of being drawn from the same underlying distribution.
The Mann-Whitney U test is useful for testing the hypothesis that two groups are identical or not (Kirk, 2008) . We performed the Mann-Whitney U test as post hoc test for the Kruskal-Wallis test as a followup to the finding that each cluster represents different learner types. Many researchers have applied this technique for statistical hypothesis testing. For example, researchers applied the Mann-Whitney U test to establish the impact of the neurotransmitter oxytocin on trust between humans (Kosfeld, Heinrichs, Zak, Fischbacher, & Fehr, 2005) . In our study, we had 10 options for comparison. Finally, we calculated the effect sizes of all the comparison cases. The effect size was defined as = where Z was the z-score found from the test and N was the sample size. It is important to note that we set the significance level for the test to 0.05, but the critical level of significance should be 0.05/10 = 0.005 because we had 10 cases. The significance levels ( < 0.001) of all the comparisons listed in Table 3 are well below the critical significance level, again implying that the clusters are very unlikely to be drawn from identical distributions. In addition, all the test cases had large effect sizes ( < −0.5), except for a medium effect size in comparing Clusters 1 and 2, which is consistent with our earlier findings. Taken together, these statistical results constitute significant evidence that clustering can provide new insight into the behaviour of distinct learner populations. The results from our analysis are similar, but somewhat different from the patterns found by Kizilcec et al. (2013) and Hill (2013b) . The Fully Engaged group is similar in usage to Kizilcec et al.' s Completing group. We chose to label the group of learners who participated in most course activities as Fully Engaged rather than Completing for two reasons: 1) the term "completion" has become somewhat controversial in the MOOC literature, and 2) learners in this group not only finished the course, they faithfully engaged in most or all aspects. The Completing group varied by course level, contributing to 27% of the learners enrolled in the high-school level course; 8% of the undergraduatecourse level, and 5% of the graduate level course. Our Fully Engaged group made up 17% of learners in Nanophotonic Modelling. Of note, we identified groups of learners who fully engaged with the course early on and withdrew activity after one or two weeks. This is an important finding, especially in light of their performance on assessments prior to disengaging with the course.
Next, we examined how learners in differing behaviour groups participated in and performed on the course assessments. Together, this data allowed us a closer look at the varying learner groups within Nanophotonic Modelling and developed a characterization of the types of learners present. The major distinction between the groups was their usage of study and assessment materials, with remarkable uniformity within each group. Next, we summarize the characteristics of each learner group.
Fully Engaged learners represented approximately 17% of learners within Nanophotonic Modelling, somewhat higher than the typical completion rate (less than 10%) reported in the literature (Liyanagunawardena et al., 2013) . It may be that because Nanophotonic Modelling is a highly technical course offered on nanoHUB.org, the learners attracted to the course may be somewhat different than those who register in a MOOC offered through a large platform, such as Coursera or edX. Fully Engaged learners earned completion certificates and consequentially are the most similar to traditional classroom learners. They tended to participate in most or all aspects of the course, including the weekly quizzes and exams. Ultimately, as a group, they performed very well, with an average final grade of 90. Unfortunately, many of the techniques commonly used to analyze course behaviour simply do not tell the story of those who wanted to complete all aspects of the course. More about this group of MOOC learners must be understood. These Fully Engaged learners get lost in the means and averages of the majority of learners in MOOCs, yet there is value in understanding their experiences. Within these smaller percentages of Fully Engaged learners, having access to the content may have the biggest impact, such as learners who intend to apply the information in their work projects or change dissertation topics based on this new understanding. While the majority of learners certainly did not utilize the course in a strict course format, some did and indeed performed quite well.
Consistent
Viewers represented approximately 6% of learners within the course. Their usage patterns indicate that they had different goals than the Fully Engaged learners. Consistent Viewers accessed most or all of the study materials, but did not attempt the majority of the quizzes and exams. Interestingly, in the first week, the 15% of the group who took the assessments performed very well on the exam (M = 95.0, SD = 5.0) and all the quizzes (M = 100, SD = 0). Nevertheless, it is unknown why they chose to discontinue taking the assessments. One potential explanation is that they were interested in gaining the knowledge, but were not concerned about earning a certificate or achieving a high grade. Without assessment scores, there is no way to make inferences about the level of knowledge this group achieved. At the surface level, it is apparent that there was something about the learning opportunity that brought them back into the course each week. One potential explanation may be that this group included faculty, students, or working professional engineers who did not have time to devote to the assessments, but wanted to become familiar with the content. Along the same lines, it is unknown how or if the Consistent Viewers assessed their own learning or the depth at which they intended to learn the material. Interestingly, they faithfully followed along, which seems to indicate a high level of motivation and intention despite not using the assessment opportunities for feedback. Their behaviour brings up the undefined role of assessment in MOOCs for those not seeking certificates of completion. Tests and quizzes are often thought of as means to passing a formal class, yet in an open-online environment, assessments can be taken multiple times as a feedback mechanism. Rather than viewing assessment as a burden, assessments can help inform what areas may need extra attention to understand. The value these learners placed on the learning experience and how they differ from those in the Fully Engaged group are considerations for further research. Additionally, it is unknown whether this group of learners would return to reference their course materials for application or how they benefitted from the learning experience.
Two-Week Engaged learners represented approximately 10% of the learners. They were engaged in the course very actively during the first two weeks. As shown in Figures 5 and 6 , their performance in the second exam and the second week's quizzes was very poor (M = 46.0 and 71.0, SD = 19.5 and 24.7 respectively) . Only 8.7% of these learners subsequently attempted the third week's exam and quizzes. Considering their low scores, one possible explanation for their discontinued engagement with the course is perhaps related to the course being too difficult for them. It is unknown whether their challenges were related to course characteristics (such as pedagogy) or if they were not prepared for the content covered (i.e., did not have the necessary prerequisite knowledge to be successful).
One-Week Engaged learners made up approximately 25% of the learners. This is the second largest group among the learners. They attempted the first exam and the first week's quizzes but performed considerably lower on the exam (M = 72.0, SD = 20.4 ) than the first three clusters. These learners dropped the course immediately after the first week. They did not even access the study materials, even though they were all available online and could be downloaded for later access. One possible explanation may be that they recognized early on that they did not have the background needed for the course or the course was different from their expectations, so they chose to disengage.
The largest cluster was Sporadic Learners, comprising 42% of the total course learners. Their behaviours would appear random to an outside observer. They did not access any type of course materials regularly at all. A few learners (7% of the cluster who took the first exam) attempted the first exam and the first week's quizzes without accessing the study materials and thus performed poorly (M = 61.4 and 82.4, SD = 31.8 and 23.9, respectively) . The majority of Sporadic Learners were accessing the materials with no defined pattern. Some accessed several resources around one topic, others only accessed assignments without videos, while others took a few exams. One possible reason for this behaviour is that they were interested in specific topics rather than in learning all the material and earning a certificate. Considering that Sporadic Learners make up the largest group of learners, there is a need to better understand what appears as sporadic. It is likely that learners within this group have different interests, motivations, and intentions. It is possible that what appears as sporadic is actually planned or deliberate. There is a clear need to contextualize the clickstream and assessment data with a deeper understanding of the latent groups of learners. In order to make meaningful inferences about differences in behaviour, it is essential that future offerings of the course include pre-course surveys to capture self-reported learner interests and planned behaviour.
LIMITATIONS
This study was conducted post-hoc on event log and assessment data collected through the Nanophotonic Modelling instructor-led course offering. Learners expressed motivations and intentions in the course were not included in this study. As a first step to a bigger research agenda of learnercentred approaches to MOOC research, the current study finds groups of learners based on their patterns of usage and makes meaning of their learning outcomes in the course assessments. Furthermore, it is unknown how similar the pattern of Nanophotonic Modelling learner behaviour is to more general topic MOOCs, or other highly advanced courses that resemble MOOCs, retaining most but not all of their characteristics. In particular, we chose to represent the learner behaviour in five clusters, where a group of learners who engaged with most materials, but not all in the two weeks were combined with a group that accessed all materials in the first two weeks. In larger datasets, this group may become more pronounced. The k-means++ algorithm is not necessarily the best algorithm in all circumstances and should be compared with other approaches in future work (such as DBscan). Nonetheless, we find that within-cluster error dispersion drops by 63% when using five clusters, as shown in Figure 2a , which suggests that it can be a useful analytical approach. Another limitation of this study is treating the access of videos and assignments as a binary variable rather than capturing additional information associated with multiple views. Although it is possible to capture whether students click on any course element more than once while online, it is beyond the scope of this data set to capture whether and how often any downloaded material is used by the student while offline. Because of this constraint, multiple time access is not modelled. Furthermore, while we used k-means++ on the access patterns of videos and assignments, additional data collected may be worth adding to the investigation to see if the existing patterns persist or are modified in any significant fashion.
CONCLUSIONS
Nanophotonic Modelling is a very technical MOOC designed for learners of a specific background. Even within this highly targeted learner population, our results indicate five distinct groups of learners who utilized the course in different ways to meet their own learning goals and needs. By analyzing the patterns of access and performance for each group to the extent data was available, we were able to obtain key insights into their behaviour. For example, by traditional course standards, achievement of less than 60% of possible points results in a failing grade, and is considered unsuccessful. Our findings provide evidence that there are groups of MOOC learners clearly unconcerned with grade outcomes, but find enough value in the course materials to return intermittently. While certainly some learners performed poorly on an exam and then withdrew, not all of those who discontinued activity performed poorly. Therefore, it would be a mistake to infer that all who disengage from the course do so because they are unsuccessful in learning the content.
The openness of MOOCs provides some challenge to how assessment can be used. While one group of learners, Fully Engaged, completed all assessments, the majority of learners did not. This may be related to those who sought certificates versus those taking the course more informally. Some learners may not understand the formative role that assessment can play in learning. While Fully Engaged learners could have used the assessments as a way to self-monitor their own learning, learners who did not attempt the quizzes or exams did not seek the opportunity for external feedback of their learning. Instructors may point out the learning value from the assessments. Furthering this idea of would be to clearly identify assessments as formative (used to enhance or support learning) or summative (used to assess competency). As MOOC developers consider the role of assessment for non-certificate and certificate earners, two paths may be developed: one where assessment is a feedback mechanism where learners can take the same quiz or exam multiple times and another where additional summative assessments are used to verify the issuance of a certificate. In this way, the integrity of the certificate can be maintained, while still allowing learners to have access to the correct answers to the quizzes and tests.
The similarity of learners within each cluster both in terms of their course material usage and performance on assessments is confirmatory that there are hidden or latent learner traits and characteristics. These distinctive group characteristics and performance clearly demonstrate that simply reporting the overall course means in terms of completion and pass rate truly fails to account for the diversity of learners within the course. Furthermore, more research is needed to understand the latent variables that account for what is seen in groups of learner behaviour.
In an open-access environment, learners have a wide variety of intentions, and it is inaccurate to assume that all learners are committed to the course or that none of them are. There is simply too much heterogeneity to classify all MOOC learners in terms of their mean usage or performance. Furthermore, learners may not complete all aspects of the course and yet still gain valuable knowledge. Some learners may choose to utilize a MOOC more like a textbook, focusing on certain sections and not on others. For example, educational researchers may have several research methodology textbooks, containing a few chapters that are extremely relevant for a researcher who frequently utilizes the concepts. In the same way, it is possible that some learners come in and out of a MOOC as needed. Before evaluative inferences can be made about the quality of any MOOC, more research is required to understand types of learners and their learning needs better.
While large studies with descriptive statistics based on learner behaviour are abundant in the MOOC literature, it is imperative that researchers first focus on identifying the groups of learners in the course. Lumping all learners together and calculating the overall course assessment scores does not adequately describe all that occurs within a course. With the variety of use patterns and the high level of not fully engaged learners, there is much noise in any statistical model that attempts to estimate based on overall course mean.
Additionally, the categories of learners as "Registrants" or "Starters" does not capture the variety of learners within a course. Additional categories based on learner patterns are needed. Others have pointed out that descriptive statistics in MOOC environments are not always helpful (e.g., Perna et al., 2014; Reich, 2014) . We have demonstrated the use of clickstream data alongside course assessment to understand more about learners. Furthermore, overall course descriptive statistics are confounded by latent learner variables. However, by identifying types of learner behaviour and examining descriptive statistics within each course, we have a richer understanding of what occurred and how to make future curricular improvements based on that information.
Future research should focus on the value of the learning experience to each group of learners and how courses can be developed to incorporate this information. While descriptive reports about completion rates and access of course materials are one approach to making sense of the MOOC phenomenon, learner-centred, theory-driven approaches are needed to contextualize the meaning of the findings (Wiebe, Thompson, & Behrend, 2015) . MOOC learners do not follow a normal distribution curve in terms of their behaviour in the course. However, there is strong evidence from Nanophotonic Modelling that there are groups of learners who are very similar. Once we begin to understand more about these groups of learners, we will have a more contextualized way to make evaluative and research inferences from the large datasets of clickstream behaviour. It may be appropriate to value MOOCs at least in part based on how learners benefit from access to the information, not only whether they follow the course in a traditional sense. There is also potential to break up courses into two or more modules with selfcontained assessments so that students could select those most relevant to their interests. From this perspective, the next step in our research is to understand qualitatively how learners in each cluster felt about having this opportunity, and whether they benefited from the information and assessments in a quantifiable fashion.
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